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ABSTRACT
The objective of this work is to classify patients intensive care unit patients based on their expected mortality rate, and create a model capable of predicting mortality outcomes for patients. Such a model may be used to prioritize care when resources are limited or identify patients that will need significant care in the immediate future. This effort will take a novel approach applying computational topological analysis to classify patients. The algorithm predicting the patient outcomes is trained using evolutionary algorithms. The dataset used is from the PhysioNet Computing in Cardiology Challenge from 2012. A set containing 4000 records with outcomes was used to train and test the prediction algorithm. 26 features were chosen based on previous published work using this data set to produce the point cloud for topology extraction. The topology extraction algorithm, Mapper, was used to project the high dimension data into a 1-D representation of the set topology using a filter. The filter is what has been selected using the evolutionary algorithm based on the Event 1 score from the PhysioNet challenge. This algorithm yielded an Event 1 score of 0.27 for the PhysioNet Challenge. This is comparable to a currently used ICU classification system, SAPS-1 that achieved an event 1 score of 0.30.

Additional developments from this work include an optimized Mapper function that runs in 120 seconds for the data set compared to the 2 month estimated for the original function, and a generic Mapper optimization tool that may be applied to generic classification problems.
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CHAPTER I 
Introduction
The intensive care unit (ICU) is the area of the hospital where patients in the most critical of conditions are cared for. During care, many physiological signals are tracked and monitored in order to monitor and describe their condition. The precise signals collected may vary by ICU and condition of the patient. This data may be mined and analyzed in an attempt to predict patient condition. [1]
There are already systems in place to evaluate the condition of a patient based on this information collected. These include: the mortality probability model (MPM), the acute physiology and chronic health evaluation system (APACHE II), and the simplified acute physiology score (SAPS II). 

The development of a more accurate system for the prediction of mortality rates is desired. A more accurate system could improve the quality of patient care, reduce medical costs [2], and improve the allocation of resources during resource-straining events.
CHAPTER II 
Literature Review
In 2012, PhysioNet published a challenge to improve on the current systems used to predict mortality rates in the ICU based on the first 48 hours of physiological data for the patients. The first event from the challenge scored algorithms based on their ability to positively identify in-ICU mortalities based on this information. The SAPS-1 achieved a score of 0.30 on the event 1 score. Random chance will yield a score of 0.14. [3]
 A neural-network based system developed by H. Xia was able to achieve an event 1 score of 0.51. The system extracted the 26 features that best predicted the patient mortality and used them to train the neural network to classify the patients. For our system, we will be using the same 26 features used to train the neural network. These 26 features were chosen based on their correlations to mortality as found by H. Xia. [10]
A new approach for evaluating high dimension point cloud data was developed by G. Singh [8] named Mapper. Mapper takes a distance matrix for a high-dimension point cloud and projects it into a 1-D space using a filter function. The benefits of this approach for clustering are that the number of clusters does not need to be pre-determined, and each cluster is broken into nodes whose shape describes the topology of the point cloud. This approach will be used to analyze the 26-Dimension feature space created from the 26 features identified by H. Xia.

A critical part of the mapper function is the filter function, which determines the grouping of the clusters output. A genetic, or evolution, algorithm [9] is used to optimize the filter and find the result yielding the highest event 1 score.
CHAPTER III
Materials and Methods

The following sections describe the records and outcome data available for the 4000 patients provided by PhysioNet and the methods used to extract the features from the data.
Data

Descriptors

The following are descriptors available for each record:

RecordID, Age, Gender, Height, ICUType, Weight
The Record ID is a unique identifier assigned to each patient record that may be used to track the patient’s record and features throughout the process for quality assurance purposed. The Age, Gender, and Height of the patient are single descriptive measurements describing the patient. The ICU Type is broken into four categories: Coronary Care Unit, Cardiac Surgery Recovery Unit, Medical ICU, or Surgical ICU. Weight is the patient’s weight. It is important to note that for some patients, the weight is recorded not as a descriptor, but as time series data to reflect changes in weight over the length of the stay.
Time Series Data

The following types of Time Series Data are available for each record:

ALP, ALT, AST, Bilirubin, BUN, Cholesterol, Creatinine, DiasABP, FiO2, GCS, Glucose, HCO3, HCT, HR, K, Lactate, Mg, MAP, MechVent, Na, NIDiasABP, NIMAP, NISysABP, PaCO2, PaO2, pH, Platelets, RespRate, SaO2, SysABP, Temp, TropI, PropT ,Urine, WBC

Each of these fields corresponding to a specific physiological measurement taken from the patient. For more information on the specifics of each of these measurements, please see the 2012 PhysioNet Challenge webpage. [3] The specifics of these signals are not required for this analysis as the specific features are being extracted from them. Outliers from the features will be removed during pre-processing.
Outcomes


The following outcome descriptors are available for all of the patients in the data set:
RecordID, SAPS-I, SOFA, Length_of_stay, Survival, In-hospital_death


The record ID is used to pair the outcomes with the patient records. The SAPS-I and SOFA scores are calculated for reference and are not used by this algorithm. The length of stay is the period of time spent in the ICU by the patient. Survival is the number of days the individual survived after admission to the ICU. In-hospital death is a binary identifier as to whether or not an individual passed away while in the ICU. The in-hospital death was used to train the prediction algorithm. In Chapter V, a correction factor is considered to evaluate the algorithm, not against in-hospital death, but against in-hospital death and near-release death. An additional 92 patients were found to pass away within 14 days of leaving the ICU. 

Data Import
The patient data is stored in a series of text files, one file per patient. Each text file contains a series of time-series data organized in three columns: time, parameter, and value.  A sample of this file is shown in Figure 1.
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Figure 1. Sample of patient data
An additional file is provided containing outcome information for the patients. This data format is shown in Figure 2
[image: image2.png]RecordID,SAPS-I,SOFA,Length_of_stay,Survival,In-hospital_death
132539,6,1,5,-1,0
132540,16,8,8,-1,0




Figure 2. Sample of outcome data

All of this information is imported and stored in a Matlab structure. A sample of the structure is shown in Figure 3.
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Figure 3. Patients structure after importing all data

The data structure used when importing the data is a Matlab structure with one field per parameter. Each field contains a two column array: the first column containing the measurement time in minutes and the second containing the current reading for the particular biometric data as indicated by the field name. An example is shown in Figure 4 for the GCS time series data for patient 1.
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Figure 4. Time series data for GCS imported for patient 1

The outcomes are imported and stored in the patient structure as well to calibrate and score the algorithm.
Method

The objective of this project was to improve on the current prediction algorithms used to predict mortality rates in the ICU. Relevant data features were extracted from 4000 patient records into a 1D cluster graph. Each node contains a set of patients and the mean mortality rate for the node is calculated in the training phase, based on the outcomes data provided for the patients. A prediction algorithm then uses the cluster data to attempt to recover the outcomes for the training set. The process is shown in Figure 5. The predictions of the algorithm are then compared to the actual outcomes, and the performance of the algorithm is calculated. An evolutionary algorithm is used to change the way this clustering is constructed.

Once an optimized system is found, the optimized filter, mapper settings, and patient structure is used to predict mortality rates of additional patients. This process is shown in Figure 6.
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Figure 5. Process Diagram for ICU Mortality Mapper Prediction Algorithm
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Figure 6. Process used to predict patient mortality once an optimal solution is found.
Feature Extraction
The primary data set consists of data for 4000 patients collected for the first 48 hours after being admitted to the ICU. Some of the data is static: it does not change during the 48 hours. Other data is dynamic, having time series data for the first 48 hours. A summary of the types of data is given in the following list:

· RecordID

· Length_of_stay

· Survival

· Death

· Age

· Gender

· Height

· ICUType

· Weight

· ALP

· ALT

· dAST

· Albumin

· BUN

· Bilirubin

· Cholesterol

· Creatinine

· DiasABP

· FiO2

· GCS

· Glucose

· HCO3

· HCT

· HR

· K

· MAP

· MechVent

· Mg

· NIDiasABP

· NIMAP

· NISysABP

· Na

· PaO2

· Platelets

· RespRate

· SaO2

· SysABP

· Temp

· TroponinI

· TroponinT

· Urine

· WBC

· pH

Feature Extraction Functions

Functions were created to extract the desired 26 features from the data set. All functions are off the form:
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Where FEATURE is the desired feature (for example, Max for Maximum) and Attribute is the patient attribute from the structure (for example, GCS). All features must be resolved to a single floating point value to allow them to be used as vectors or as filters.
The following functions were developed to extract the features:

ICUFuncStatic

This function replaces the array of data in the patient structure with the first and only value for that data array. For example, this was used on PatientID to convert the 1x2 Cell PatientID, with timestamp 0 and value PatientID into simply the patient ID feature.
ICUFuncSum

This function adds the field AttributeSum to the patient structure (for example, UrineSum). This function takes all of the values from the attribute array and adds them together. The generated filed will contain this sum.
ICUFuncRatio

This function adds the field Attribute1Attribute2Ratio to the patient structure (for example, FiO2PaO2 Ratio, the ratio between FiO2 and PaO2). This is the ratio of the mean value of Attribute 1 to the mean value of Attribute 2. 
ICUFuncMin

This function adds the field AttributeMin to the patient structure (for example, GCSMin). This function calculates the minimum from the attribute value array. The generated filed will contain this value.
ICUFuncMax

This function adds the field AttributeMax to the patient structure (for example, GCSMax). This function calculates the minimum from the attribute value array. The generated filed will contain this value.
ICUFuncMeanSlope

This function adds the fields AttributeMean and AttributeTrend to the patient structure (for example, GCSMean and GCSTrend). This function calculates the mean using the Matlab function mean() and trend using the Matlab function polyfit() with order 1 (linear fit). The generated fields will contain the mean and trend respectively.
ICUFuncMaxSum

This function adds the field AttributeMaxSum to the patient structure (for example, MaxSumUrine). This function calculates the sum of the local maxima from the attribute value array. The generated filed will contain this value.
ICUFuncFirst

This function adds the field AttributeFirst to the patient structure (for example, GCSFirst). This function locates the first value from the attribute value array. The generated filed will contain this value.
ICUFuncLast

This function adds the field AttributeLast to the patient structure (for example, GCSLast). This function locates the last value from the attribute value array. The generated filed will contain this value.

Feature Creation Functions

Functions were created to compute the additional filter features. These are calculated using available features from the data set.
ICUFuncCalcBMI

This function adds the field BMI and BMIClass to the patient structure. BMI was added as a feature to the patient structure based off of the correlation of BMI to mortality rates [7]. The BMI is calculated using Equation 1.
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Equation 1
Where Height is the patient height in meters and Weight is the patient weight in Kilograms. Since the patient’s height is stored in centimeters in the patient structure, the patient’s height was divided by 100 to convert to meters before squaring. The patient’s BMI class was computed based on their BMI based on Table 1.
Table 1 BMI Class Limits

	BMI Range
	Description
	Identifier

	BMI < 18.5
	Under Weight
	0

	18.5 ≤ BMI < 25
	Normal Weight
	1

	25 ≤ BMI < 30
	Over Weight
	2

	30 ≤ BMI
	Obese
	3


ICUFuncCalcAgeBasedSurvival

This function adds the field SurvivalRate to the patient structure. The survival rate is calculated based on data provided by the World Health Organization (WHO) in [5]. The WHO study provides data on the probability that an individual would become deceased in the following year of their life based on their age and gender, worldwide. Other data sets were provided in the study, based on geographical region as well, however, the geographical location of our patients is unknown. Thus, the data set for world averages was used. The values given in the lookup table were converted into survival rates to correlate positively with survivability. The lookup tables used are in Table 2.
Table 2. Male and female survivability rates based on individual’s age

	Age
	Male Survival Rate
	Female Survival Rate

	0
	94.15%
	94.53%

	1
	99.30%
	99.25%

	5
	99.81%
	99.81%

	10
	99.88%
	99.88%

	15
	99.82%
	99.82%

	20
	99.74%
	99.75%

	25
	99.69%
	99.71%

	30
	99.62%
	99.69%

	35
	99.56%
	99.68%

	40
	99.44%
	99.63%

	45
	99.26%
	99.53%

	50
	98.93%
	99.30%

	55
	98.45%
	98.98%

	60
	97.56%
	98.37%

	65
	96.35%
	97.53%

	70
	94.39%
	96.03%

	75
	91.61%
	93.92%

	80
	87.25%
	90.39%

	85
	79.83%
	83.17%


Extracted Features
Twenty six features were extracted from the data. The features were chosen based on the results of [10] showing that these twenty six features have the greatest correlation to mortality. The extracted features are as follows:

1. GCSLast

2. GCSMean

3. GCSMax

4. HCO3Min

5. UrineSum

6. GCSTrend

7. HCO3Max

8. BUNMax

9. BUNLast

10. HCO3Last

11. BUNMin

12. HCO3Mean

13. BUNMean

14. SysABPMean

15. WBCLast

16. SysABPLast

17. FiO2PaO2Ratio

18. WBCMean

19. TempMean

20. GlucoseMax

21. NaMean

22. NaMax

23. SysABPNISysABPMin

24. Age

25. LactateLast

26. TempLast

All of these extracted features are then stored in the patient structure with the other patient data.

Dealing with Missing and Erroneous Values
Once the features have been extracted, erroneous values are removed and are considered missing. Missing values are then recovered using the mean value for the good data in the specific field.
Removal of Erroneous Data

Outliers (>+/- 3 Standard Deviations from mean) were removed from all fields and replaced with a -404. The value -404 was used as a flag to indicate that the data was missing from the data set. This value was chosen because it did not exist elsewhere in the data set and it could be used as a unique identifier to ensure data integrity. Later a routine is used to recover missing data as explained in the Replacement section.  Missing values from the initial data set for static data were represented by the number “-1”. All of the initial -1’s were replaced by a -404. For feature extraction, any values that could not be computed because data was missing were represented by a -404. 

Table 3. Statistics on each feature

	Field
	Outliers 
	Missing
	
	Field
	Outliers
	Missing

	RecordID
	0
	0
	
	BUNMax
	89
	64

	Death
	0
	0
	
	BUNLast
	92
	112

	Length_of_stay
	77
	60
	
	HCO3Last
	36
	149

	Survival
	0
	0
	
	BUNMin
	101
	64

	Age
	0
	0
	
	HCO3Mean
	44
	76

	Gender
	0
	3
	
	BUNMean
	93
	64

	Height
	16
	1894
	
	SysABPMean
	26
	1201

	ICUType
	0
	0
	
	WBCLast
	38
	176

	Weight
	44
	326
	
	SysABPLast
	49
	1219

	BMI
	1
	1895
	
	FiO2PaO2Ratio
	43
	1458

	BMIClass
	0
	1895
	
	WBCMean
	43
	73

	SurvivalRate
	0
	3
	
	TempMean
	46
	64

	GCSLast
	0
	66
	
	GlucoseMax
	65
	113

	GCSMean
	0
	64
	
	NaMean
	45
	75

	GCSMax
	53
	64
	
	NaMax
	44
	75

	HCO3Min
	54
	76
	
	SysABPNISysABPMin
	25
	134

	UrineSum
	16
	124
	
	Age
	0
	0

	GCSTrend
	19
	1418
	
	LactateLast
	28
	2535

	HCO3Max
	49
	76
	
	TempLast
	4
	67


Replacement

For patients who are missing a value for a particular feature, the mean value for the entire population is used to replace the missing value. Once replaced, the final patient feature matrix is prepared for Mapper input extraction. 

Topology Extraction using Mapper
The Mapper function is a function designed to take a distance matrix for a high-dimensional data set and apply a filter function that maps the data set into a 1-D representation of the data. Connectedness and shape (number of arms, holes) are preserved in this representation. This section will lay out the requirements for the mapper program, describe how they have been calculated, and describe how the mapper outputs are to be used.
Mapper Inputs

The inputs for the Mapper function are defined in Table 4. The distance and filter inputs are constructed using the information from the patient feature matrix. The resolution, overlap, and magicFudge are parameters used to configure how mapper groups and projects the clusters.

Table 4. Inputs for the function Mapper.

	INPUTS
	

	d 
	n x n distance matrix where cell i,j contains the distance between vectors i and j

	filter
	n x 1 array of real numbers used to decompose the space

	resolution
	Number of samples in each interval

	overlap
	Percentage of overlap between each consecutive interval

	magicFudge
	Number that “fudges” the number of clusters that will tend to be created by the algorithm


Distance Matrix

As described in Table 4, the distance matrix is an n x n distance matrix where n is the number of patients. The cell i,j contains the value representing the distance between the ith and jth patient vectors.
The distance matrix d is generated from the 26 desired features. For each patient, the features represent a 26 dimension vector. Before measuring the distance between the vectors, all of the features are normalized so as not to weight one more heavily than the other. Once the features have been normalized, the Euclidian distance between each feature is calculated based on Equation 2. 
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Equation 2
Filters

Filters are created using a linear combination of features. Before combining the features, all of the features are normalized, mapping the minimum value to 0 and maximum value to 1. After a set of features are selected, their values are summed and divided by the number of features. This ensures that in all cases, the mapper function uses a filter function from 0 to 1 for each patient, making all filters comparable.

The filter is any value that may be assigned to each patient that maps the patient into a 1D space. This filter could be any feature or combination of features for each patient. In our algorithm, we will attempt to exploit this property by creating linear combinations of the available features to map the point cloud data into a 1D space that may be used to predict mortality rate. A list of all considered filter function components are listed in 

Table 5
.
Table 5. List of bits in filter and mask strings with corresponding filters.

	Bits 1-8
	testType bits
	
	Bits 9-34
	Top 26 features(cont.)

	1
	Age
	
	19
	BUN Min

	2
	Gender
	
	20
	HCO3 Mean

	3
	Height
	
	21
	BUN Mean

	4
	ICUType
	
	22
	SysABP Mean

	5
	Weight
	
	23
	WBC Last

	6
	BMI
	
	24
	SysABP Last

	7
	BMI Class
	
	25
	FiO2PaO2 Ratio

	8
	Survivability Rate
	
	26
	WBC Mean

	Bits 9-34
	Top 26 features
	
	27
	Temp Mean

	9
	GCS Last
	
	28
	Glucose Max

	10
	GCS Mean
	
	29
	Na Mean

	11
	GCS Max
	
	30
	Na Max

	12
	HCO3 Min
	
	31
	SysABPNISysABP Min

	13
	Urine Sum
	
	32
	Age

	14
	GCS Trend
	
	33
	Lactate Last

	15
	HCO3 Max
	
	34
	Temp Last

	16
	BUN Max
	
	Bit 35
	Distance

	17
	Bun Last
	
	35
	Distance from Patient 1

	18
	HCO3 Last
	
	
	


A filter mask was used to decrease the evolution algorithm’s search space for an optimal filter. The filter mask works by preventing specific filters from being activated. As there are multiple features that draw from the same data type (for example GCSMean, GCSMax, et.), it is reasonable to pick only one filter per data type to start. A bit string similar to the filter bit strings is used to allow or disallow a specific filter from being activated. 

Table 6
 shows the filter mask configuration used for this project.

Table 6. Filter mask used to minimize evolution algorithm search space.

	Mask Value
	Feature
	
	Mask Value
	Feature

	1
	Age
	
	0
	BUN Min

	1
	Gender
	
	0
	HCO3 Mean

	1
	Height
	
	0
	BUN Mean

	1
	ICUType
	
	1
	SysABP Mean

	1
	Weight
	
	1
	WBC Last

	0
	BMI
	
	1
	SysABP Last

	0
	BMI Class
	
	1
	FiO2PaO2 Ratio

	0
	Survivability Rate
	
	0
	WBC Mean

	0
	GCS Last
	
	1
	Temp Mean

	1
	GCS Mean
	
	1
	Glucose Max

	0
	GCS Max
	
	1
	Na Mean

	1
	HCO3 Min
	
	1
	Na Max

	0
	Urine Sum
	
	1
	SysABPNISysABP Min

	0
	GCS Trend
	
	0
	Age

	0
	HCO3 Max
	
	1
	Lactate Last

	1
	BUN Max
	
	1
	Temp Last

	0
	Bun Last
	
	1
	Distance from Patient 1

	0
	HCO3 Last
	
	KEY: (1) Filter Active (0) Filter Inactive


Mapper Configuration

There are three parameters used to tune the output of Mapper: Resolution, Overlap, and Magic Fudge.

Resolution determines the length of each interval. In our case, we will typically use the inverse of the number of samples desired to calculate this value. The number of samples is related to the number of nodes that exist in each cluster.

Overlap is the percent overlap between adjacent nodes in a cluster. This is what forms the connectedness of the data set. Increasing this value typically results in fewer nodes in a cluster and decreasing, more.

MagicFudge is used to “fudge” the desired number of clusters. Increasing this number will increase the number of clusters and decreasing this will decrease the number of clusters.
Mapper Outputs

The outputs for the Mapper function are defined in Table 7. The adjacency matrix contains information on the relationship between the nodes. The node info contains info on the interval level, the filter value for the node, and the set of members in the node. levelIDx contains the list of nodes in the subinterval of the filter.

Table 7. Outputs for the function Mapper.

	OUTPUTS
	

	adja
	The adjacency matrix of the output graph

	nodeInfo
	Cell array containing the information listed below. 

	nodeInfo.Level
	The interval index for the node

	nodeInfo.Filter
	The max filter value belonging to all of the nodes in this cluster

	nodeInfo.Set
	The set of all of the members belonging to this cluster.

	levelIDX
	List of nodes belonging to each subinterval of the cluster.


Adjacency Matrix

The adjacency matrix is a sparse matrix containing binary data indicating the connectedness of nodes. A “1” at the location n,m indicates that nodes n and m are connected.
Node Info

The node info is a structure containing 3 sets of data: level, filter, and set. The only information pertinent to our optimization is the set, an array containing all of the members in that node. This information is used to extract info from the patient feature structure and describe the node.
Level ID

LevelID is not used in either the optimization routine or in the Graphviz function. 
Post-processing mapper output

In order to create a graphical representation of the output of mapper, it must undergo some post processing. In our case we take advantage of this to show how well or poorly our algorithm groups individuals with similar mortality.
Calculate inputs for Graphviz

Graphviz requires the node relationship information contained in the mapper adjacency (adja) output, the size for each node, the color for each node, and the desired labels for the bottom of the graph. 

The adjacency info is taken directly from the mapper output. The set size is calculated by counting the number of values in the nodeInfo.Set array. The color is determined based on the mean mortality for the patients in the set.
Generate .dot file for Graphviz

The function writeDotFile provided with Mapper takes the information from the previous section and converts it into a .dot file that Graphviz can use to generate the images. The images may then be used for quick inspection of a solution to describe its performance.

The labels chosen include the file used to generate the mapper output, data used as inputs for mapper, mapper parameters, and the filter code used. With this information, it is possible to fully recover this result from the original patient feature structure. Later results also include the filter’s Event 1 score as defined by [3].

Graphical Representation of Mapper Outputs

The outputs of Mapper undergo some minor post processing to format the data for Graphviz. Graphviz is a Matlab script that takes the post-processed mapper output and converts it into a graphical representation as shown in Figure 7. In this figure, the color represents the mortality rate, scaling from 0% (Yellow) to 100%(Red). The size of each node is a representation of the number of patients in the cluster. The lines connecting some of the nodes represented overlap between adjacent nodes. Outside of this information, the shape or relative position of the nodes has not meaning or representation.
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Figure 7. Sample Mapper output after Graphviz Processing

Interpreting Mapper Results

The mapper results are colored plotted using mortality data. By visual inspection, a successful mapper algorithm for the prediction of mortality rates will contain one of the following:

1. A large cluster that shows a gradient from high mortality rate to low mortality rate. For this to be significant, this cluster must contain a high percentage of the total population.

2. A few large clusters containing all deceased patients. This allows differentiation of patients based on mortality.

All of the outputs are evaluated against the Event 1 score from the 2012 Physionet Challenge [3].
Training of Mapper Filter Function using Evolution Algorithm

As defined in the Mapper Inputs: Filters section, any number of filters can be created from combinations of the feature filters discussed. Our optimization routine will activate or deactivate each individual filter in an attempt to subdivide the space into meaningful clusters used to predict the mortality rates in each node. The filter mask used was described in 

Table 6
. With this mask, our search space is limited to 220-1 or just over one million possible filters. An evolution algorithm was chosen for this task because it is a convenient way to search a space that can be constructed as a binary string of features for the topic of interest, in our case, a filter.
Mapper takes between 30 seconds and 1 minute to run with the parameters we have defined. It would take just under 2 years to compute every possible filter and filter score on a single core machine. The code has been optimized to run on multiple cores and could complete faster if a super computer was available.

Evolutional Algorithm Process

The process begins with initializing the population. This may be a previous population matrix, a manually designed population matrix, or a randomly generated population matrix. A number of members for the population are chosen, and the population matrix is generated. This matrix makes up the first generation.

Mapper is run using user-specified mapper parameters for resolution, overlap, and magicFudge. For all generations in a single run, these parameters are typically held constant. Only the filter functions are changed between mapper runs, based on the member’s code. Each one is then scored based on the Event 1 score from the 2012 Physionet Challenge. The mapper settings considered for this paper are shown in Table 8.

Table 8. Mapper settings used in evolution algorithm.

	Generations
	Resolution
	Overlap
	Magic Fudge

	Set 1
	25
	10
	10

	Set 2
	20
	10
	10

	Set 3
	30
	10
	10


The patient codes are sorted based on their scores and mapper settings in a master matrix. 
Each generation contains a total of 20 members. The top five members are saved and go on to the next generation. The next ten members are created by breeding the first five members together randomly with all members from the previous generation (including themselves). The details of breeding are described in the t+1 generation section. The remaining five members are randomly generated to maintain variety in the population and allow the chance for increased performance outside of the base population.
Fitness Function

The fitness function for the algorithm was based on the Event 1 score from the 2012 Physionet Challenge using this data set. The performance is based on the minimum of the sensitivity (Se, Equation 3 ) and the positive predictivity (+P, Equation 4). True and false positives and negatives are defined in Table 9 and are used in Equations 3-5.

Table 9. Outcomes matrix definitions

	
	Observed

	
	Deceased
	Survive

	Predicted
	Deceased
	True Positive (TP)
	False Positive (FP)

	
	Survive
	False Negative(FN)
	True Negative (TN)
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Equation 3

[image: image16.png]+P=TP/(TP + FP)




Equation 4
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Equation 5
A perfect score is achieved when all of the deceased patients are positively identified by the prediction algorithm.  According to the 2012 Physionet Challenge, random chance will yield a core of 13.9% and the currently used SAPS-1 system will yield a score of 29.6%.
Assignment of Mortality Rates

After mapper has created all of the nodes and clusters, each node is assigned a mortality rate based on its members. The mortality rate assigned is the mean mortality rate for all patients in that node.

Predicting Mortality Rates

A simple algorithm was constructed to predict patient mortality based on the node data. 

1. Identify all nodes containing the patient

2. Look up the mortality rate for each of these nodes

3. Choose the greatest mortality rate

4. If that mortality rate is greater than or equal to 50%, predict that the patient is deceased

5. If the mortality rate is less than 50%, predict that the patient survived.

Evaluation

Each filter from the filter population was evaluated using Equation 5. This score, along with the filter settings and mapper settings is stored in the master solution matrix.
t+1 Generation

The next generation is calculated after a generation has been completed. First, the population is sorted based on member performance. The top five members from this population are selected and preserved. Next, ten new members are generated by breeding the top members with all other members of the population. Two randomly generated 1x20 arrays are generated; one with random values from 1 to 5 (to select one of the first 5 members) and one containing values from 1 to 20 (to randomly select one of any of the previous generation’s members). Once the breeding pairs have been selected, the bit strings were combined by averaging their respective values. Any features in both were maintained, and any features absent from both were maintained. Any discrepancies were settled by random selection. 

The final five members are randomly generated and added to the population. Any redundant members are replaced with a randomly generated member. The process continues until the number of desired generations is reached. It may immediately be run again after completion and continue with the current population to improve on the current result.

Validity of Model

Only a single data set was available for this project, so, the training and test sets are identical. Because of this, it is important to evaluate the validity of the model. On one end of the spectrum, we could have created a 4000 cluster space that would have essentially worked as a lookup table for all of the patients and would have yielded 100% prediction accuracy, but would have had not applicability to another data set. On the other end, we would have a single cluster with all the patients in it that would have 0% prediction accuracy. A reasonable model in our case will have minimal single-patient nodes, and vast majority of the patients will be in nodes with more than ten to twenty patients. This creates a model that is general enough that it could be used to predict the mortality of a test patient introduced to the population. 
CHAPTER IV 
Results and Discussion
Two sets of results are presented. The first is the performance of the optimized mapper filter and its ability to predict mortality. The second finding is an increase in the Mapper function efficiency that was necessary in order to allow rapid iteration of the code.
Performance of Optimized Filter

The algorithm was allowed to evolve for 40 generations and was able to yield a 27% event 1 score. The cluster generated is shown in Figure 8.

As for the broader applicability of this model, the statistics for this cloud are shown in Table 10.
Table 10. Statistics for the optimized Mapper output

	Statistic
	Value
	
	Statistic
	Value

	Total Nodes
	55
	
	Nodes with <5 members
	38

	Total Deceased
	625
	
	Members in nodes with <5 members
	44

	Total Survivors
	3817
	
	Deceased in nodes with <5 members
	17


Based on the statistics, there are not a large number of members in the non-clustered groups, and there are enough nodes to spread out the deceased and survivors to allow the algorithm to differentiate. Based on these two facts, the model is considered valid for greater application.

Also of note, the sum of the deceased and survivors is 625 dead + 3817 surviving = 4442 total patients > 4000 initial patients because of the overlap between the nodes. A single patient may be in more than one node, and for the totals in Table 10, the values were summed by node, leading to artificially inflated values.
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Figure 8. Mapper Cluster with 27% event 1 score for the 2012 Physionet challenge.

Improvements in Mapper Efficiency
In the process of developing this algorithm, there was the need for a more efficient Mapper function to allow for rapid iteration with the full data set. Mapper was executed for subsets of the available data. As the number of patients increased, the runtime increased exponentially. The data trend indicated a 2 month run time when evaluating mapper using all 4000 patients. This was due to the way matrices were being handled within the function. There existed a matrix definition that was later converted to a sparse matrix. This code was replaced by code that initially defined the matrix as a sparse matrix. The results of the mapper code were compared to the original mapper code. The result was a mapper function that could fully execute in about 120 seconds. This is an improvement of four orders of magnitude on runtime. All results were identical for a sample set of 20 different subsamples of the total data set. A comparison of algorithm performance is shown in Figure 9.
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Figure 9. Comparison of Mapper function to revised Mapper function.

This code change is described in Appendix A.
CHAPTER V 
Conclusions and Recommendations
Conclusions


The system developed was able to achieve a score of 0.27 for the PhysioNet Event1 Score after only a few generations of optimization. At his time, this model performs as well as a currently used patient condition evaluation system, but not as well as the neural network presented in [10] (0.50). This topological approach could be further developed to perform better. We will discuss these options in the following section. 
Recommendations

Develop better prediction algorithm using current mapper output

Such an algorithm would be aware of the data cloud shape, if the point was located at one end of a chain or the other, and be aware of any gradient or tendency along that path. This information could be extracted from the adjacency matrix
Optimize Mapper Parameters to increase performance

The mapper configuration could be optimized to minimize the number small nodes disconnected from a cluster. This will wither cause the smaller nodes to coalesce into the main cluster or into smaller clusters. This could improve the validity of the algorithm.

The mapper configuration could also be optimized to increase the number of nodes in the main cluster. This could be done by increasing the number of filter samples.
Solve for all cases in current space using super computing

If a super computer were available, it would be possible to simply solve for all possible filters for a specific mapper configuration and see if a better performing solution was available.
Consider patients who became deceased within a few days of leaving the ICU

It has been observed in the data that there are those patients who do not die in the ICU but die shortly after leaving the ICU. Table summarizes the patients that die in the near-term after leaving the ICU. These patients may be corrupting the predictability of the algorithm (patients that would have otherwise died in the ICU are considered survivors, despite dyeing shortly after leaving). A future algorithm could account for this.
Table 11. Statistics for patients who passed shortly after leaving the ICU

	Days after Leaving ICU
	Deceased
	Additional
	Percent

	0
	548
	0
	0%

	7
	614
	66
	12%

	14
	640
	92
	17%

	21
	659
	111
	20%


Allow for the application of weights to filters

All of the features involved in the filters were either completely on or completely off. Future work could consider applying weights to the filters instead of simply activating or removing them.
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APPENDIX

Appendix A:
Modifications to Main Mapper Function

The main mapper function has been modified in the following ways:
Previously, the main function Mapper.m created by Gurjeet Singh contained the following code:
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G = sparse (numPoints, numPoints);
[rws numSimps] = size(simpl):;

for iter=1:numSimps
G(simpl(1,iter), simpl(2,iter)) = 1;
G(simpl(2,iter), simpl(l,iter)) = 1;
end




Figure: Origonal Mapper Code

This definition of the matrix and traversal of the matrix incurs a large number of unnecessary computations. This code has been replaced by the following:
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129 3 for iter=1:numSimps

130 3 G(simpl(1,iter), simpl(2,iter)) = 1;

131 3 G(simpl (2,iter), simpl(l,iter)) = 1;

132 3 end




Figure: Optimized Mapper Code

This change in code leads to the definition of the sparse matrix with the required data. The for loop from the origonal code is no longer needed to populate the matrix. This results in the code running in 120 sec on average for this data set vs. the projected 2 months it would have taken based on the results shared in the document above.
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